Background: Interest in the use of emergency department (ED) data by syndromic surveillance systems to detect influenza outbreaks has been growing. Evaluations of these systems generally focus on events during influenza seasons.
Background
The cost of seasonal influenza to communities worldwide is considerable [1] . In Australia the full extent of morbidity and mortality attributable to seasonal influenza is not known, although it is estimated to be responsible for around 2,800 deaths each year [2] . Surveillance undertaken by health departments plays an important role in the management of seasonal influenza. It provides information on the virus strain type and the level of virus circulating in the community, both of which can assist in evaluating the effectiveness of the current season's vaccine formulation. In the Australian state of Victoria the principle methods for influenza surveillance include passive and sentinel surveillance notifications of laboratory confirmed cases [3] . Both these methods incur substantial time delays between a case being first observed and notification to the health department while waiting for the results of laboratory testing. In the past these traditional surveillance methods have performed adequately in assisting in the control and prevention of outbreaks, but with mass global transport and a large, very mobile population, such traditional systems have limited ability to provide the rapid response required to avert modern epidemics [4] .
One method that may assist in the early detection of disease outbreaks is syndromic surveillance. The two key components of syndromic surveillance that facilitate the early identification of outbreaks are the use of the clinical symptoms associated with a disease, rather than laboratory confirmed diagnoses, and the rapid and automatic collection and analysis of electronic data to generate alerts. These systems aim to identify increases, above normal background levels, in the incidence of particular disease syndromes. The trade off for this early warning, however, is lower specificity of the data collected [5] .
A commonly used source of information for syndromic surveillance systems is data collected in emergency departments (ED) [6] . Emergency departments code clinical diagnoses of people presenting using standardized coding methods. The International Classification of Diseases, tenth revision (ICD-10) contains a number of respiratory diagnosis codes that when used alone or in combination should provide an accurate indication of influenza cases. The specificity of the data collected can be improved by ensuring that the ICD-10 codes used to define a specific syndrome are good indictors of the disease in question.
Studies investigating the effectiveness of syndromic surveillance to detect influenza outbreaks have generally focused on events during typical influenza seasons [7] [8] [9] . In contrast, this study also examined the effectiveness of syndromic surveillance outside the typical influenza season. The 2009 influenza pandemic in Victoria provided an added opportunity to examine the performance of a pilot syndromic surveillance system during this event.
This study had three objectives. The first was to determine which ICD-10 diagnosis codes used by clinicians in the emergency departments were best correlated with laboratory confirmed influenza cases notified to the Department of Health. The second was to determine if the codes found to be best correlated with total counts of laboratory confirmed notified cases were also correlated with influenza case counts during the non-influenza season. The third was to examine the effect of the 2009 influenza pandemic on the ED surveillance data.
Methods
We undertook a retrospective analysis of data from the Victorian Department of Health's ED syndromic surveillance pilot programme, 'SynSurv' and from the Victorian Department of Health Notifiable Infectious Diseases Surveillance (NIDS) system.
Ethical Approval
The Monash University Human Research Ethics Committee granted exemption from ethical review because the data was from existing surveillance registries and irreversibly de-identified.
Data Sources
On 1 July 2005 the Victorian Department of Health implemented a pilot syndromic surveillance program called SynSurv at two major hospitals in Melbourne. All Victorian hospital emergency departments routinely collect patient information, known as the Victorian Emergency Minimum Dataset (VEMD), though not in real time, as part of the Victorian Government's reporting requirements. The SynSurv system automatically captures a subset of these data as they are entered by ED staff. Further details of SynSurv can be found in Newell and Black [10] . The data include demographic (age, gender and postcode of residence), administrative and clinical details on each patient who attends. The clinical data include the presenting symptoms (as free text) and the allocation of a preliminary diagnosis using ICD-10 coding. Up to three ICD-10 codes can be entered by the ED staff. This information is transmitted automatically and rapidly to the Department of Health as an encrypted package where the SynSurv application processes new data every five minutes [10] .
Laboratory confirmed influenza became a notifiable disease in Victoria in 2001. All laboratory confirmed influenza cases notified to the department are captured in NIDS. We examined all cases notified between 6 July 2001 and 7 August 2009. The data include notification date, age, gender and postcode of residence, as well as details of the influenza strain type. For the analysis the corresponding data from the SynSurv database were used. Data from 1 July 2001, prior to SynSurv being operational, were imported from the VEMD dataset to supplement it. Fifteen weeks of data during the period that SynSurv had been on-line were found to be incomplete. These incomplete weeks were also supplemented with data from the VEMD.
ICD-10 codes associated with influenza
Three analyses were conducted to investigate which ICD-10 codes best correlated with laboratory confirmed influenza notifications. The first was on the entire NIDS and SynSurv datasets. The second was on a subset of the dataset restricted by postcode. The two hospitals that provided the syndromic surveillance data are tertiary hospitals and provide specialist services to patients throughout the state. As influenza presentations to these hospitals would be expected to come mostly from the local area both the data from SynSurv and from the NIDS dataset were restricted to include records with postcodes that were within 10 kilometres of each hospital.
The third analysis excluded the 2009 influenza season as this was characterized by the H1N1 pandemic.
No 'a priori' decisions were made as to which ICD-10 codes should be analysed. Instead weekly counts for each of the ICD-10 diagnosis codes ever used in the dataset were calculated, although diagnoses with total counts of 200 or less were not included in the final analysis. Week of ED visit was used for the SynSurv time series and week of disease notification was used for the NIDS time series.
To identify which codes were associated with influenza, pair-wise correlations were calculated for each diagnosis time series, comparing the weekly event count in each series with the corresponding weekly count from the NIDS database. The calculation of correlation coefficients was repeated for the datasets after they were restricted by postcode and exclusion of the 2009 influenza season. The ICD-10 codes were ranked in decreasing order of strength of correlation.
As previous studies had found that syndromic surveillance could detect outbreaks before traditional surveillance methods [11, 12] an analysis was conducted using one, two and three week time lags. Syndromic surveillance data were compared to NIDS data that had been collected one, two or three weeks later. A substantial increase in the strength of the correlation would suggest that syndromic surveillance data was identifying potential influenza cases earlier than the NIDS surveillance data. As the data was not normally distributed Spearman's Rank Correlation method was used.
Analysis of ICD-10 codes by Influenza season
To identify which ICD-10 codes were best correlated with laboratory confirmed influenza cases notified to the department in the non-influenza season, the analyses above were repeated using data restricted to either the influenza season or the non-influenza season.
To determine the start and end of each year's influenza season, the mean weekly count of confirmed influenza cases (from the NIDS database) was first calculated for the clearly non-season periods before week 18 and after week 48 of each year. Each year's influenza season was defined as starting in the week beginning a sustained increase in laboratory confirmed cases to at least the out-of-season mean plus one standard deviation. The end of the influenza season was defined as the week beginning a sustained decrease back to the average count of out-of-season cases.
Effect of 2009 influenza pandemic on ED surveillance data
To examine the effect of the 2009 pandemic on ED surveillance data we repeated the first analysis, to identify which ICD-10 codes were best correlated with notified cases of influenza, but excluded the 2009 influenza season from the data.
Inter-hospital consistency
Correlations between the weekly counts for each ICD-10 code and counts of laboratory confirmed cases in the NIDS database were calculated for each hospital individually to compare the ICD-10 coding patterns between the two hospitals. The correlation patterns were similar between the two hospitals; both identifying the same top four ICD-10 codes (data not shown).
Results
There were a total of 735,452 presentations to the two emergency departments during the study period captured in the SynSurv database. A diagnosis code was not included in 155,188 records. The ED staff could enter up to three diagnosis codes for each patient, so the total number of records used in the analysis for this period was 596,468. In total 644 different ICD-10 diagnosis codes were used by ED staff.
The NIDS database contained 12,050 notified influenza cases. There were 11,649 notified cases during the influenza seasons and a total of 401 notified cases during the non-influenza seasons.
Postcode restriction
After restricting for postcodes within a 10 km radius of each hospital, there were 434,160 SynSurv records with a diagnostic code entered. This is approximately 73% of the total number of records available for analysis from the combined hospitals.
After restricting the NIDS database by postcode there were 4,391 notified influenza cases; 4,190 during the influenza season and 201 in the non-influenza season.
ICD-10 codes correlated with laboratory confirmed influenza cases
Using the data for the whole state and all years, five ICD-10 codes were identified that had positive correlation coefficients greater than 0.3 and p-values less than 0.05 (Table 1 ). All were plausible surrogates for influenza. Analysis of the lagged time series data found no substantial increases in the strength of the correlations after adjusting for one, two or three week lags (Table 1) .
These five ICD-10 codes were combined and analysed (Figure 1 ). The combined correlation was slightly higher than the individual correlations ( Table 2) .
Restricting the data by postcode resulted in slightly weaker correlations. Four of the ICD-10 codes identified above, all plausible surrogates for influenza like illness, had positive correlation coefficients greater than 0.3 and p values less than 0.05 (Table 2) .
Analysis excluding the 2009 influenza season
The influenza pandemic in 2009 resulted in more influenza notifications for that season than the total for all previous seasons in the dataset. There were 6,481 influenza notifications during the 2009 influenza season compared to the next largest number of notifications which was 1,533 during the 2007 influenza season. Analysis excluding the 2009 influenza season identified the same five ICD-10 codes but with slightly lower correlations. There were no appreciable increases in the strength of the correlations after including one, two or three week lags ( Table 3) .
The analysis was performed on both the whole-state and postcode restricted data. Postcode restriction resulted in small changes in the strength of the correlations and found four ICD-10 codes with correlations greater than 0.3 and p-values less than 0.05 (Table 4) . During the influenza seasons there were four plausible ICD-10 codes with correlation coefficients greater than 0.3 and p-values < 0.05; B34, J11, J06, and J22 (Table 5) . After excluding the 2009 season the same four plausible ICD-10 codes were identified. Restricting the analysis to only the 2009 influenza season, which was characterised by the pandemic, we found only three ICD-10 codes correlated with confirmed influenza cases. These correlations were also markedly strengthened (Table 5) .
Comparison of influenza season and non-influenza season
There were 401 notified influenza cases during the non-influenza season (Note: the dataset did not contain records for the 2009 non-influenza season). Fifteen ICD-10 codes (13 codes after postcode restriction) had p values less than 0.05. The five largest correlations from each set are shown (Table 6 ). They were only weakly correlated with NIDS cases and none was a plausible surrogate for influenza like illness.
Discussion
Syndromic surveillance has the potential to detect influenza outbreaks earlier than traditional methods [11, 12] . In the event of a pandemic this could be of considerable benefit. However, it has not been clear which ICD-10 codes are actually used by emergency department staff when they see a patient with an influenza-like illness. It has also not been clear whether the same codes are used during the non-influenza season, nor the effect of a known pandemic on the number and distribution of each code in the emergency department data.
Our first observation was a marked increase in weekly counts of both laboratory-confirmed influenza cases in NIDS and relevant ICD-10 codes during the influenza pandemic period. The number of confirmed cases notified in 2009 was more than four times greater than the previous highest number reported, in 2007, even though the influenza-like-illness activity in the community was considered comparable to 2003 and 2007 [13] . This disparity between the notifications during a highly publicised pandemic period and previous seasons with similar influenza activity suggests that the true scale of a publicised outbreak cannot be accurately inferred by comparison with baseline data. The counts of the relevant ICD-10 codes were, however, not affected to the same extent. Analysis of the data with the inclusion of the 2009 season identified five ICD-10 diagnoses that had moderate correlations with confirmed influenza cases: J11, J06, J22, B34, J18. The strongest correlations were found with three ICD-10 diagnosis codes: J11 (Influenza virus not identified), J06 (Acute upper respiratory infection multiple and unspecified sites) and J22 (Unspecified acute lower respiratory infection). These correlations were little altered by including lag periods. Restricting the data to postcodes of residence within a 10 km radius of the hospitals gave the same top five codes although with slightly smaller correlation coefficients, suggesting that the pattern of coding in these two urban hospitals closely follows the pattern of influenza across the whole state.
Excluding data from the 2009 influenza season resulted in no difference in the top ICD-10 codes identified for either the full dataset or postcode restricted data, although the correlations were slightly weaker. These 'best' five diagnosis codes were identified in an earlier study investigating correlations between ED presentations for influenza and notified influenza cases [10] . As in that study, combining the best five ICD-10 codes slightly strengthened the correlation over that found for J11 alone. The analysis of the 2009 influenza season only, found only three ICD-10 codes correlated with confirmed influenza cases: B34, J11 and J06. These results suggest that ED staff are much more likely to use certain codes when they know what is occurring in their catchment population. The best codes to use during the non-influenza season remains in doubt. The best five ICD-10 codes for the influenza season were not correlated with laboratory confirmed influenza notifications outside the influenza season, at least in part because of the small number of influenza cases notified during that period. There were no known 'out-of-season' outbreaks in our data set, but it seems unlikely that the single code of J11 would have been useful in detecting such an outbreak at a time that ED staff were not expecting to see influenza cases. We suggest using a combination of the 'best five' codes to track influenza outside the season, but a final conclusion awaits analysis of a data set that includes an 'out-of-season' outbreak.
Conclusions
This study demonstrates that knowledge of circulating influenza virus in the community strongly influences the diagnostic codes used when patients present to emergency departments with influenza-like-illness. This has important implications for syndromic surveillance. The benefit of syndromic surveillance is to identify potential outbreaks when they are not expected, but the results of this study suggest that the ability of syndromic surveillance to detect outbreaks early may be impeded because 
